Abstract
Introduction
"No single resource is more important to achieving a sustainable agriculture than the soil which contains essential nutrients, stores the water for plant growth and provides the medium in which plants grow" (TAC/CGIAR, 1989).
The above statement shows in itself that soil resource management is the key to environmental friendly and sustainable agricultural system. Soil is natural resource that provides essential nutrients to crop growth, needs proper care, conservation and management in order to maintain a high degree of soil fertility systems. One of the ways to assess the soil fertility status is to get soil sample tested for different soil nutrient variables.
It is a common practice in soil testing that the test data are interpreted against a soil analysis rating chart (Annex 1). The chart gives ratings of values such as very low, low, medium, high and very high based on which recommendation of nutrients are made. Soil test data however as such have little to say about the rate at which fertilizer nutrients are recommended without calibrating into different soil fertility indices (Dahal, 1996) . Besides, the rating itself can not give over all summarization of soil variables in terms of their individual contribution to soil fertility status in the enumeration units.
When a large number of variables are correlated redundancy of information due to the set of dependent variables may occur and in some cases even give rise to multicollinearity thus making the results difficult for interpretation. There is however technique in multivariate analysis in which variables are not classified as dependent or independent but the whole set of interdependent relationships are investigated. One of the most important techniques of interdependence relationship is factor analysis.
Objective
The purpose of this paper is to show how a number of soil variables could be reduced to a smaller number of dimensions by employing factor analysis so as to make an easier interpretation of the problems.
Factor Analysis
Factor analysis is a generic name denoting a family of statistical techniques primarily concerned with the reduction and summarization of observed variables in terms of common underlying dimensions or factors. The main objective of factor analysis is to obtain a way of condensing the information contained in a number of original variables into a smaller set of variates (factor) with a minimum loss of information (Hair et al, 2003) . Factor analysis that includes both principal component and common factor analyses is an extremely powerful analytical technique and can often indicate which variables in a set of data are important and which are having little significance.
Principal Component Analysis (PCA)
As is said earlier factor analysis includes both common factor analysis and principal component analysis and is functionally very similar in that they are used for the same purpose of data reduction but are quite different in their underlying assumptions. Principal component analysis assumes that the total variance of the observed variables should be used in the analysis while in common factor analysis (CFA) only the common variance is considered (Hair et al, 2003; George and Mallery, 2006) . Unlike CFA, principal component analysis makes no assumption of a model; it is a mathematical linear transformation of the original variables, the objective of which is to account for the maximum share of the variability present in the original set of variables with a minimum number of composite variables known as principal components. Principal component analysis technique is far more common than common factor analysis particularly after the advent of high-speed computers. It is however to note that factors and components have been used interchangeably in factor analysis.
What technique to select is based mainly on the purpose of the analytical work? If it is just to reduce a large set of observed variables to a smaller set of uncorrelated variables then the use of PCA is appropriate. When the intention is to identify latent variables as to model some meaningful underlying constructs CFA is the suitable technique. For the purpose of this study principal component analysis as processed and analyzed in SPSS package will be illustrated here.
PCA is one of the multivariate methods of data analysis that transforms a number of correlated variables into smaller set of uncorrelated variables called principal components while maintaining most of the information in the original variables. Although a complex mathematical procedure, principal component can be expressed as: 
Results and Discussions
Analysis for Kathmandu soil variables from a total sample size of 50 was performed first to see the descriptive statistics and the whole factor analysis using PCA method in SPSS.10. The output is given in The descriptive statistics revealed the average values of soil attributes as acidic pH, and a medium level of both organic matter and nitrogen. The phosphorus content of the soils was high with medium level of potash in the soils.
As to factor analysis, there is substantial number of variables correlated among each other. The Bartlett's Test of Sphericity that is a test statistic and used to test the null hypothesis that variables are uncorrelated to each other. This null hypothesis is rejected with the approximate chi-square value of 365.449 at 10 degrees of freedom. Kaiser-Meyer-Olkin, which is the measure of sampling adequacy (MSA), is found to be 0.666 suggesting the factor analysis an appropriate method to analyze the correlation matrix. KMO measure of sampling adequacy varies between 0 and 1 and the values closer to 1 are better whereas below 0.50 is unacceptable. The KMO value can be increased in many ways such as-increasing the sample size or increasing the number of variables. If the average correlations among the variables are high or the numbers of factor is diminished the value of KMO becomes large (Hair et al, 2003) .
Interpretation of Results
Communalities as shown in Table 1 measure the amount of variance a variable shares with all the other variables in the analysis. This is also the proportion of each variable's variance explained by the principal components. It is also noted that the communality ( 
Initial Eigenvalues
The eigenvalue is the variance explained by a component or factor and is denoted by lambda
Where, ik A is the factor loading for variable i on component k and n is the number of variables. A low eigenvalue contribute little to the explanation of variances in the set of variables being analyzed. The initial eigenvalues for the first and second components are 2.811 and 1.082 respectively (Table1). The percentage variance thus explained by each of the two components is about 56 and 22 with a cumulative percentage of 78. In rotated sums of squared loading the eigenvalues have been more evenly distributed, 2.556 for the first component and 1.336 for the second leaving the total amount of variance the same. With the varimax rotation the interpretation of the component matrix has been simplified. The sum of the eigenvalues, as expected is equal to the number of variables being analyzed.
Components Loadings
The component matrix table shows the components loadings that are the correlations between the variables and the components. This is the central output of factor or principal component analysis, which is also the basis for imputing a label to the different factors of components (Nargunkar, 2005) . It is the rule of thumb that larger the size of the component loading for a variable, the more important the variable is in interpreting the component. The first component is generally more highly correlated with the variables than the second components and so on. In interpreting, loadings above 0.6 are considered high where as those below 0.4 are low.
In the above example, the first table component matrix gives the unrotated solution and the second the rotated solution, which is the main basis for component interpretation. Looking at the rotated component matrix the first component has high loadings for three variables -pH, organic matter, and nitrogen.
In second component, P 2 O 5 is strongly associated and K 2 O is high but negatively correlated. Although there are many criteria to select components from the output analysis only two components were selected based on the Kaiser criterion. The Kaiser rule is to select those components or factors, which have eigenvalues greater than one (Gaur and Gaur, 2006) .
NAMING THE COMPONENTS
In component 1, nitrogen (N) and organic matter (OM) have very high loadings and both of which have positive signs. Thus nitrogen and organic matter vary together while pH having negative sign move in opposite direction. It means increased in soil pH is associated with the decreased in the availability of nitrogen and organic matter in soil systems.
It is however to be noted that the optimum range of soil pH where most of the plant nutrients including nitrogen are available at the vicinity of 6.5 and 7.5 which is near to neutrality zone. Since soil pH is a reaction, a condition of nutrients availability the principal component 1 is represented by nitrogen and organic matter, which have very high loadings and are positively associated. The first component therefore can be named as "growth component" a factor responsible for vegetative growth and succulence in crops. The second component is primarily represented by P 2 O 5 and in lesser extent by K 2 O that is negatively associated to the component. Both of these variables vary in opposite direction but have similar functions in crop production. The main responsibility of these variables includes vigor and resistance in the crops and can be named as "product quality component". It is therefore the components associated to soil fertility maintenance and crop growths in Kathmandu soils are identified as growth and product quality components out of five original variables involved in the principal component analysis.
LALITPUR DATA (N = 46)
The average soil reaction, organic matter, and nitrogen contents were similar to Kathmandu soils except that P 2 O 5 and K 2 O contents were very high in the soils. Since the KMO measure of sampling adequacy was acceptable level (0.588) and the Bartlett's test of sphericity was significant, the data were put into factor analysis. Two components were identified based on Kaiser criterion (Annex Table 2 ). The rotated component matrix shows all nutrient components except pH were associated with the first component explaining the variance of about 49 percent where as the second component shares about 21 percent. The first component may be named as "primary nutritional factor" and the second component as "soil reaction factor" together explaining the soil fertility variation by 70 percent.
KATHMANDU VALLEY DATA (N = 105)
Since the total amount of variance accounted for by the components in the above examples did not cross 80 percent it is thought the sample size in both cases to be inadequate. The data of both districts therefore were merged and adding nine more cases the sample size of 105 was made to represent the coterminous valley. The descriptive statistics as shown in Table 2 revealed the soils as acidic, with a medium levels of organic matter and nitrogen content, very high level of P 2 O 5 and high level of K 2 O per unit of area. Of the 10 correlations 8 were significant and KMO and Bartlett's test were in acceptable levels. With the application of latent root criterion two components were retained explaining a total of about 84 % variance. The VARIMAX rotated components matrix revealed very high loadings of organic matter and nitrogen to the first component responsible for 44 percent of the total variance. The second component accounts for about 40 percent of the variance has high loadings of P 2 O 5 , K 2 O and pH. As of Kathmandu soils the first component may be called as "growth component" and second "product quality component" with a positive pH value.
BANKE DATA (N = 70)
As of now the analysis was limited to Kathmandu valley soils, it was interesting to see if the analysis was markedly different for a low land Terai district of Banke. The measure of sampling adequacy (MSA) was miserably acceptable (0.524) with a significant Bartlett's test of sphericity. The descriptive statistics revealed acidic soils with low levels of both organic matter and nitrogen. The P 2 O 5 content was very high while the K 2 O was medium. Two components were extracted explaining about 74 percent variation (Table 3) . Organic matter and nitrogen have very high loadings with the first component accounting for 41 percent of variance while 33 percent was accounted for second component in which P 2 O 5, K 2 O and pH have high loadings. As usual the first component may be termed as "growth component" because of its contribution in vegetative growth, chlorophyll and protein formation in the crops. The second component again may be called as "quality product component". The negative sign for pH in the second component indicates the reverse relationship between pH and other two variables. It is important to note that as the pH decreases the deficiency of P 2 O 5 and K 2 O becomes pronounced.
VALIDATING COMPONENT ANALYSIS
Although PCA was highly meaningful in analyzing important soil variables in a set of test data the degree of generalizability is a critical issue. One of the important questions is to obtain suitable data in terms of number of variables and sample size. It has been observed that the sample size fewer than 50 is not suitable for analysis. In general a ten-to-one ratio between the number of observations and variable is said to be more appropriate. The analyses in the preceding paragraphs have also been constrained in the sense that the sample size for each of the districts was not sufficiently large. The number of variables were also limited to major nutrients only whereas adding cation exchange capacity (CEC), textural classes and micronutrients to the analysis could have given better results to interpret the components for soil fertility management. The generalization of these findings through the principal component analysis therefore should be done cautiously. Furthermore, the samples were tested as and when received and were not randomly selected to represent the population.
Conclusions
As expected principle component analysis has been shown to be a useful technique in reduction and summarization of soil variables. Among all five variables nitrogen (N) was the most important soil nutrient followed by organic matter (OM). Since nitrogen and organic matter are strongly associated number one component was highly loaded by these two variables in almost all cases. If organic matter is not considered as a nutrient, the second most important nutrient was Phosphorus. In most cases P 2 O 5 and K 2 O with pH have high loadings with the second component. Although K 2 O is a third important nutrient, its loading in general was next to pH. Its means in order to maintain soil fertility, balancing pH was more important than adding more of K 2 O fertilizer as its average levels was already medium to very high range in the soils. 
ANNEX

